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ABSTRACT 
 
This study analyzes West Virginia county-level surface mine production data and West Virginia 
county-level rates of mortality from malignant lung neoplasms. The purpose of the study was to 
demonstrate a connection between surface coal mining and respiratory disease. The study found 
that mortality rates from malignant lung neoplasms in counties with the highest levels of surface 
coal mining were significantly higher relative to non-mining counties. Higher mortality rates in 
coal mining counties may reflect environmental exposure to toxins present in coal or ambient 
particulate matter released during the surface mining process. 
 
INTRODUCTION 
 
Mountaintop removal is a specific type of coal mining, in which the tops of mountains are 
removed using explosives to reveal the underlying coal seams. The excess is pushed off into an 
adjacent valley, creating valley fills. The explosions and transplantation of mountaintop removal 
create air pollution, as these processes release particulate matter and toxins, in addition to the 
agents involved in the mining process, into the air. Mountaintop mining is especially common in 
West Virginia, as is poor respiratory health. Areas surrounding and including surface mining 
operations typically have elevated levels of airborne, hazardous dust. Hospitalizations for 
chronic pulmonary disorders and hypertension, and rates of mortality, lung cancer, and lung 
disease are also elevated in counties with higher coal production. These health problems affect 
both men and women, dispelling the notion that only coal miners, a predominantly male 
population, suffer the effects of coal mining. (Palmer et al., 2010) 
 
In general, exposure to environmental pollutants increases risks for respiratory disease. Previous 
research has confirmed that rates of respiratory disease and mortality are higher in Appalachia 
than in the rest of the country. Appalachia is characterized by poor socioeconomic conditions, 
such as limited access to health care, which may affect mortality rates. Another potential 
indicator of the health of Appalachians may be the environmental impacts of surface coal 
mining. Residents of Appalachian coal mining counties have reported exposure to contaminated 
air and water from coal mining activities, and have expressed concerns for their health. Coal 
contains many toxins, including zinc, cadmium, lead, mercury, and arsenic. The coal mining 
process releases these toxins into the air and creates large quantities of ambient particulate 
matter. Air quality may be a factor for respiratory disease, so the toxins and particulate matter 
pose a major threat to the respiratory health of residents of coal mining communities. One 
previous study found that total and chronic respiratory disease mortality rates were significantly 
higher in coal mining areas of Appalachia, as compared to non-mining areas of the country. 
Also, mortality rates were higher in areas with the most mining, as compared to areas with less 
mining (Hendryx, 2009). 
 
Another previous study found that lung cancer mortality was higher in Appalachian coal mining 
areas, after adjusting for smoking, poverty, education, age, sex, and race. While smoking is the 
primary cause of lung cancer, these results demonstrate that the higher mortality rates may be 
due to environmental exposure to the particulate matter and toxins released during the coal 
mining process (Hendryx et al., 2008). 
 
  
BACKGROUND 
 
The study began by examining the EPA’s ISC3 model of coal dust dispersion, and trying to 
understand what it required as far as inputs, how it processed that information, and what outputs 
it produced. The ISC3 is a steady-state Gaussian plume model that the EPA uses to model 
pollutant concentrations from industrial sources. We had originally planned to apply this model 
to coal dust particles and use it to predict poor air quality and the resulting respiratory problems 
in West Virginia mining communities. We also planned to construct a statistical model of 
respiratory health as a result of coal mining. We began collecting information and reading about 
previous research in this area. We also compiled West Virginia coal mining data and respiratory 
health data. 
 
While researching the ISC3 model, we discovered that the EPA had improved the ISC3 model. 
The newer model, AERMOD, is also a steady-state plume model, and it incorporates many of the 
same factors as the ISC3. However, while studying the AERMOD, we determined that we would 
not be able to use this model the way we intended, for several reasons. First, we do not have 
access to the actual model or equations, so we would not be able to write our own computer 
code. Second, the model code runs on a computer program which is cost-prohibitive. Third, the 
model code is not written in a computer language with which we are familiar. Fourth, the model 
incorporates two pre-processors, which are also cost-prohibitive. Therefore, we decided to begin 
working on the statistical model instead. 
 
METHODS 
 
The mining data we obtained is of tons of coal harvested from surface mines, per county, for 
1995 and 2010. We also obtained data for the total tons mined per county, from both surface and 
underground mines. However, since we are interested in the respiratory health effects caused by 
air pollution from coal mining, we chose to focus only on the surface mining data. In order to 
estimate how much of the land is actually exposed to surface mining, we calculated the tons of 
coal mined from surface mines per square mile, per county, for both 1995 and 2010. Since more 
area surface mined would expose more toxins and particulate matter, this may be a better 
indicator of respiratory disease. We then added this newly created variable to the list of possible 
independent variables. 
 
To determine which independent variables to include in the model, we first put all possible 
independent variables through a stepwise variable selection process, with a probability to enter 
the model of 0.05, and a probability to leave of 0.10. The possible independent variables were: 
total coal production, total tons mined per square mile, tons surface mined, tons surface mined 
per square mile, and number of surface mines. According to the variable selection, the only 
significant independent variable was the tons of coal from surface mines per square mile. 
 
One set of health data we obtained is of a yearly average of deaths from malignant lung 
neoplasms for 1992-2001, per 100,000 individuals, per county. The other set of health data is the 
deaths from malignant neoplasms of respiratory/intrathoracic organs, per 100,000 individuals, 
per county, for just the year 2009. Malignant neoplasms are tumors: essentially cancer. Because 
  
the first set of health data is an average of ten years of data, we wanted to compare this average 
to an average of the coal mining data for the same period. 
 
To estimate the average tons of coal from surface mines per square mile for 1992-2001, we first 
calculated the change in total surface mine production per square mile from 1995 to 2010, and 
then divided this difference by 15. This gives a yearly increment, assuming linear growth or 
decline, in tons surface mined per square mile between 1995 and 2010. We then used this yearly 
increment to estimate the tons of coal surface mined per square mile for each individual year 
from 1992 to 2001. We also used this yearly increment to estimate the tons of coal from surface 
mines for the year 2009, since the other set of health data is from 2009. There were a few 
counties where there was no surface coal mining in 1995 but there was in 2010, so that 
subtracting a yearly increment created negative values in the years 1992-1994. Therefore, if any 
values prior to 1995 were negative, we altered them to zero, since there is no reasonable 
interpretation for a negative amount of coal mining. We assume that if there was no surface 
mining in a county in 1995, then there was no surface mining prior to 1995, and that surface 
mining must have begun sometime between 1995 and 2010. Once we had yearly estimates for 
1992-2001 (including the actual data from 1995), we averaged these ten years. Thus we obtained 
an average from 1992-2001 of the tons of coal harvested from surface mines per square mile, per 
county. 
 
Next, we examined a scatter plot of the average tons surface mined per square mile and the 
average deaths from malignant lung neoplasms for 1992-2001, in order to speculate what 
distribution the data may follow. From Figure (A) below, it seems that the data follows a 
logarithmic or square root distribution. Due to the presence of many zeros in the data set, we 
chose to perform a square root transformation on the coal mining data. If we had performed a 
logarithmic transformation, nearly half of the data points would have been lost, since the 
logarithm of zero is undefined. 
 
 
Figure (A) 
 
  
Thus we performed a square root transformation on the independent variable, which made a 
possible linear relationship more evident. See the Figure (B) below: 
 
 
Figure (B) 
 
We then examined the coal mining and health data to check for normality. Before the 
transformation, the coal mining data were extremely skewed. Figure (C) is a histogram of the 
data prior to transformation, and Figure (D) is a normal probability plot of the data, also prior to 
transformation. 
 
     
                                   Figure (C)                                Figure (D) 
 
  
After the transformation, the coal mining data are slightly less skewed, but still not normal. See 
Figures (E) and (F) below. A lack of normality in the data may cause issues with normality in the 
residuals of any regression model. Normality of residuals is one of the assumptions of regression 
models. 
 
     
                                      Figure (E)                                 Figure (F) 
 
However, the data of the average deaths from malignant neoplasms from 1992 to 2001 are nearly 
normal. See Figures (G) and (H) below. 
 
     
                                      Figure (G)                                Figure (H) 
 
  
RESULTS 
 
Next, we performed a linear regression on the averaged coal mining and malignant lung 
neoplasms data, using both the original and transformed coal mining data. We also tested each 
model to determine how well it predicted the values for the deaths from malignant neoplasms of 
respiratory/intrathoracic organs data from 2009. We hope to find a model which can predict the 
2009 data well, so that it might be used to predict further into the future. Therefore, we compare 
each model based on R
2
avg, the R
2
 value for the 1992-2001 data, and R
2
2009, the R
2
 value for the 
predictions of the 2009 data. We also check for normality of residuals. Interestingly, the R
2
avg 
value was higher for the regression using the original coal mining data, rather than for the 
transformed data. However, neither model was a good predictor of the 2009 data. We selected 
the regression model using the original data as the best model of the two, since it had the highest 
R
2
avg, and R
2
2009 did not differ much between the two models. Below is a table summarizing the 
main results from both regression models. 
 
Normal Regression R
2
avg R
2
2009 Normality of Residuals 
Original mining data 0.3143 -0.37669 Nearly normal 
Transformed mining data 0.2897 -0.34572 Nearly normal 
 
Figure (I) below shows a scatter plot of the actual and predicted average deaths from malignant 
lung neoplasms from 1992 to 2001 from the model using the original mining data. Figure (J) 
shows a scatter plot of the actual and predicted deaths from malignant neoplasms of 
respiratory/intrathoracic organs for 2009 from the model of the 1992-2001 averaged data. We 
can see that the model tends to underestimate the 2009 data. 
 
  
                             Figure (I)              Figure (J) 
 
Due to the disappointing performance of both regression models, we decided to attempt a robust 
regression approach, which gives less weight to the more extreme values in the data. We chose a 
multiple regression with Tukey’s Biweight, and again performed the regression on both the 
original and transformed coal mining data. While R
2
avg for the original coal mining data 
increased only slightly, R
2
avg for the transformed data increased significantly. Again, neither 
model was a good predictor of the 2009 data. We selected the robust model using the 
  
transformed data as the best model of the two, since it had the best (most positive) R
2
avg and 
R
2
2009. Below is a table summarizing the results of both models. 
 
Robust Regression R
2
avg R
2
2009 Normality of Residuals 
Original data 0.3794 -0.34554 Nearly normal 
Transformed data 0.4066 -0.28872 Nearly normal 
 
Figure (K) below shows a scatter plot of the actual and predicted average deaths from malignant 
lung neoplasms from 1992 to 2001 from the robust model using the transformed mining data. 
Figure (L) shows a scatter plot of the actual and predicted deaths from malignant neoplasms of 
respiratory/intrathoracic organs for 2009 from the model of the 1992-2001 averaged data. Again, 
we can see that the model tends to underestimate the 2009 data. 
 
  
             Figure (K)              Figure (L) 
 
We also attempted models with no intercept term. Because this form of regression forces the 
regression line through the origin, it rests on the assumption that, if there is no surface mining in 
a county, there are no deaths from neoplasms in that county. R
2
avg improves significantly when 
the intercept is removed from the robust model, with both the original data and the transformed 
data. As before, none of the models were good predictors of the 2009 data. We selected the 
robust model using the transformed data as the best model with no intercept term, since it had the 
best (most positive) R
2
2009, and the second highest R
2
avg. Below is a table summarizing the results 
of these models. 
 
No Intercept R
2
avg R
2
2009 Normality of Residuals 
Original data 0.1907 -7.60809 No 
Transformed data 0.3534 -6.08814 No 
Original robust 0.9139 -7.33737 No 
Transformed robust 0.7983 -5.98555 No 
 
Figure (M) below shows a scatter plot of the actual and predicted average deaths from malignant 
lung neoplasms from 1992 to 2001 from the robust model using the transformed mining data 
  
with no intercept. Figure (N) shows a scatter plot the actual and predicted deaths from malignant 
neoplasms of respiratory/intrathoracic organs for 2009 from the model of the 1992-2001 
averaged data. Again, we can see that the model tends to underestimate the 2009 data. 
 
  
               Figure (M)                         Figure (N) 
 
DISCUSSION / CONCLUSIONS 
 
Based on the results above, we have selected the robust model which uses the transformed data 
as the best model overall. While it does not have the best R
2
avg (0.4066), it does have the best 
R
2
2009 (-0.28872). Other models with higher values were those models with no intercept term. 
We decided that the assumption for these models, that no surface mining meant zero neoplasms, 
was too bold, given our limited information and data. There are several other known sources of 
malignant lung neoplasms, such as smoking. One direction for further research would be to 
obtain data on other causes of malignant lung neoplasms, and then apply the no intercept model 
to the various sources combined. Ideally, if all possible causes of malignant lung neoplasms were 
accounted for, the no intercept model would work, because no causes of neoplasms would, 
theoretically, mean zero neoplasms. The no-intercept models also did not meet the assumption of 
normality in the residuals; the selected model did meet this assumption. 
 
A general observation from the results is that every model seemed to underestimate the 2009 
data. This suggests that the changes in surface coal mining have, in general, increased the 
prevalence of malignant lung neoplasms in the population. Also worth noting is that there are no 
counties with high levels of surface mining and low levels of neoplasms. 
 
Finally, the data available on this subject is very limited to the public. With more accurate data, 
and more data in general, ideally the relationship between surface coal mining and respiratory 
disease would be clearer. Another possible direction for further research would be to collect data 
at specific mine sites and the surrounding communities. More site-specific data would allow for 
a better understanding of the direct effects of surface coal mining on respiratory health. Another 
factor to consider is that health problems such as malignant lung neoplasms are often developed 
over long periods of time, so they may not be evident until years after the actual cause. So our 
health data may actually be underestimated, since the full consequences of surface coal mining 
during the years 1992-2001 and the year 2009 may not be included in the health data for those 
years. 
  
The goal of this study was to demonstrate a direct connection between surface coal mining and 
respiratory disease and mortality. Clearly, the ambient air pollution caused by particulate matter 
and toxins released during surface mining has a negative effect on the respiratory health of West 
Virginia residents. We hope that this research, alongside multiple other efforts, will spur the 
ongoing transition to less hazardous sources of energy. 
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DATA SOURCES AND TABLE 
 
1995 Mining Data: 
http://www.wvgs.wvnet.edu/www/geology/counties.htm 
1992-2001 Health Data:  
http://www.wvdhhr.org/bph/hsc/pubs/profiles/2004/default.htm#countylist 
2010 Mining Data:  
http://www.wvcoal.com/2011-coal-facts.html 
2009 Health Data:  
http://www.wvdhhr.org/bph/hsc/pubs/vital/2009/2009vital.pdf 
 
Any missing values were missing from the source, and were converted to zeros for analysis. 
 
WV 
County 
Area 
(square 
miles) 
Total Coal 
Production 
(1995) (tons) 
Total Coal 
Production 
(2010) (tons) 
Surface Mine 
Production (1995) 
(tons) 
Tons surface mined 
per square mile 
(1995) 
Barbour 345.41 2063619 1580630 41621 120.4973799 
Berkeley 324.78 0   0 0 
Boone 506 25069369 21568477 6899674 13635.71937 
Braxton 519.7 692792 439662 0 0 
Brooke 92.5 1051098 0 0 0 
Cabell 285.95 0   0 0 
Calhoun 280.2 0   0 0 
Clay 346.61 4288144 1934377 4245171 12247.6876 
Doddridge 321.61 0   0 0 
Fayette 666.5 4294481 3285557 2377696 3567.435859 
Gilmer 342.4 32190   0 0 
Grant 478 3610515 4753 661874 1384.67364 
Greenbrier 1022.8 415582 889010 91369 89.33222526 
Hampshire 641.44 0   0 0 
Hancock 88.55 0   0 0 
Hardy 575.52 0   0 0 
Harrison 417.85 4131648 587702 147468 352.9209046 
Jackson 471.98 0   0 0 
Jefferson 212.41 0   0 0 
Kanawha 913.38 10452761 11806376 7405695 8108.010905 
Lewis 391.35 31988   31988 81.73757506 
Lincoln 437 5185 2115797 0 0 
Logan 455.82 20456867 13722167 15828620 34725.59344 
Marion 313.55 3639547 11368503 28849 92.00765428 
Marshall 315.26 7934648 14215131 0 0 
Mason 445.75 0 157799 0 0 
McDowell 538.4 6132532 5121324 993560 1845.393759 
Mercer 423.91 0 71058 0 0 
Mineral 330 121660 76001 121660 368.6666667 
  
Mingo 423.5 23627770 11722300 4363771 10304.06375 
Monongalia 368.82 14836102 9811654 811843 2201.190283 
Monroe 473.8 0   0 0 
Morgan 231.26 0   0 0 
Nicholas 656.77 4557692 4941832 2774104 4223.85919 
Ohio 109 0 287054 0 0 
Pendleton 696.88 0   0 0 
Pleasants 134.65 0   0 0 
Pocahontas 942.61 0   0 0 
Preston 653.88 1993835 88443 257862 394.3567627 
Putnam 350.57 0   0 0 
Raleigh 610.15 10200390 10109672 802589 1315.396214 
Randolph 1046.34 675844 901503 0 0 
Ritchie 455.27 0   0 0 
Roane 486.2 0   0 0 
Summers 367.76 0   0 0 
Taylor 177.19 153   0 0 
Tucker 421.67 127713 2425598 127713 302.8742856 
Tyler 260.12 0   0 0 
Upshur 354.86 1680177 567939 556798 1569.063856 
Wayne 517.88 2827757 4740482 1228991 2373.119255 
Webster 558.6 4620140 4259705 2554297 4572.676334 
Wetzel 360.47 0   0 0 
Wirt 234.41 0   0 0 
Wood 377.82 0   0 0 
Wyoming 507.3 7524012 4447426 321110 632.9785137 
 
Surface Mine 
Production 
(2010) (tons) 
Tons surface 
mined per 
square mile 
(2010) 
Number 
of Surface 
Mines 
(1995) 
Number 
of Mines 
(2010) 
Deaths from 
malignant 
neoplasm of 
lung per 100K 
(1992-2001) 
Deaths from malignant 
neoplasms of 
respiratory/intrathoracic 
organs per 100K (2009) 
5895823 17069.05706 9 41 106.3 129.6 
3342896 10292.80128 0 47 79.9 94.4 
11191917 22118.41304 17 92 99.6 117.4 
7783806 14977.49856 2 56 93.2 125.1 
1463778 15824.62703 2 2 94.5 109.8 
2732048 9554.285714 0 21 67.6 106.8 
2887218 10304.13276 0 3 72.6 148.2 
1260408 3636.386717 6 25 76.7 125.8 
877244 2727.663941 0 6 85.2 102.1 
2458651 3688.898725 14 72 87.3 120.5 
834571 2437.415304 0 10 60.6 37.7 
5232570 10946.79916 7 32 67.5 92.2 
  
0 0 23 2 41.4 16.9 
25067 39.07925917 0 4 59.9 96.6 
1930517 21801.43422 0 22 84 124.4 
0 0 0 2 54.5 43 
34261 81.99353835 19 8 78.4 107.4 
0 0 0 1 53 146.8 
76001 357.8033049 0 3 57.6 95.6 
165912 181.6461933 9 14 73.3 81.1 
298977 763.9632043 2 8 71.8 88.8 
  0 1   77.6 86.3 
0 0 29 13 69.9 98.8 
1738170 5543.51778 4 3 94.8 112.9 
287054 910.5309903 0 2 65 97.7 
71058 159.4122266 0 3 67.6 82.4 
910 1.690193165 29 1 65.9 63.4 
0 0 0 2 68.9 43 
0 0 8 1 67.8 106.3 
0 0 41 2 73 117.8 
0 0 17 1 82.4 105.6 
  0 0   68.4 58.6 
  0 0   83.3 140.9 
  0 24   72.7 67.4 
  0 3   72.6 90.3 
  0 0   83 126.4 
  0 0   72.9 55.5 
  0 0   62.3 79.3 
  0 12   61.4 107.6 
  0 0   46.9 36.7 
  0 8   65.6 96.2 
  0 3   72.7 56.9 
  0 0   57.6 51 
  0 0   61.5 79.3 
  0 0   33.3 54.1 
  0 3   72.3 95.1 
  0 3   64.2 95 
  0 0   72.9 68.3 
  0 13   63.5 117.6 
  0 1   65.2 107.6 
  0 6   69.6 53.5 
  0 0   76.9 80.6 
  0 0   73.8 117.1 
  0 0   82.3 89.2 
  0 8   73.4 95.5 
  
 
